We use ultra high frequency (trade by trade) data to demonstrate that equity price clustering and pricing predictability around psychologically important prices in Greece switches away from drachma-focused with the introduction of the euro, but does not immediately switch to euro-clustering. The change in trader price focus around the euro introduction addresses an open debate in the clustering literature on whether the presence of clustering is a bias related to current prices or anchoring to past prices. Our findings of a decline in drachma clustering, but lack of switch to euro effects supports the case for clustering being a trading feature that is slow to transfer to new pricing regimes. A key advantage of the ultra high frequency dataset is we are also able to demonstrate the presence of psychological pricing barriers related to each currency that are not detectable in daily data.
Introduction
We examine the crossover of stock prices in Greece from being denominated in drachma (up to 30th December 2000) to being denominated in euro (from 2nd January 2001) in order to gain new insights into the presence and cause of price clustering and psychological price barriers in equity markets. Applying an ultra high frequency trade-by-trade dataset of transactions before and after the change to euro-denomination we are able to use this external market event of a currency conversion to distinguish between a range of frequently proposed explanations for price clustering and psychological barriers.
Price clustering is a phenomenon in financial markets where prices tend to be observed more frequently at some numbers than others. This feature has been observed widely in equity markets, as well as a range of other financial markets. Price clustering has been identified in stock price levels (Donaldson and Kim, 1993; Brown and Mitchell, 2008; Hu et al., 2017) , the gold market (Ball et al., 1985) , oil markets (Narayan et al., 2011) , real estate (Palmon et al., 2004) , as well as in more specialist markets such as carbon credits (Palao and Pardo, 2012) , water markets (Brooks et al., 2013) , and credit default swaps (Meng et al., 2013) .
A related, but distinct issue, is that of psychological price barriers. Building on price clustering, psychological barriers research argues that there are key price levels that investors pay attention to, and argues that prices moving through these levels can influence subsequent trading due to increased investor attention. An example of a price barrier would be the Dow Jones Industrial Average (DJIA) moving up through the 20,000 level. The idea is that investors will view the breach of the 20,000 level as somehow meaningful and significant as it is a prominent price point and this will influence trading around that barrier level. Donaldson and Kim (1993) formally investigate the impact of psychological barrier breaches in the DJIA and find there is anomalous trading following barrier breaches of rounded 100 prices (e.g. prices such as 2,100, 2,200), with prices predictably rising further following rising through a psychological barrier and falling further after falling through a barrier. Recent studies by Aragon and Dieckmann (2011) , Woodhouse et al. (2016) , and Berk et al. (2017) confirm the initial finding of Donaldson and Kim (1993) that psychological barriers are a feature of equity pricing. Even more so than price clustering, the presence of psychological barriers has clear implications for market efficiency due to the implied predictability of price movements. Psychological barriers effects have also been found across a range of financial markets outside of equities, including oil (Dowling et al., 2016) , gold (Aggarwal and Lucey, 2007) , and a range of metal commodities (Cummins et al., 2015) .
An issue in studies on price clustering and psychological barriers is understanding why such pricing effects might be evident, and this is the issue to which we address this study using a novel dataset and setting. A number of explanations have been proposed for clustering. An initial explanation was that of microstructure effects; that there is some feature in market structures that leads prices towards being quoted more at certain digits than others (Niederhoffer, 1965) . This could include minimum tick sizes defaulting prices to ending in certain digits. This argument has largely faded away as markets have, over time, become evidently more efficient at the transactional level and yet clustering has remained. For example, Ohta (2006) use tick-by-tick Japanese equity data to show strong price clustering around prices ending in 0 and 5 yen despite minimum tick size being one yen and only the most liquid stocks being tested.
The two main current explanations for the presence of clustering, and by extension psychological barriers in the sense they they explain investor attention to price levels, are the attraction hypothesis and the aspiration hypothesis. The attraction hypothesis says that investors, faced with bounded rationality, show a preference for rounded numbers and pay greater attention to such numbers. Thus there is greater prevalence of prices ending in 0 or 5 digits, followed by even digits, and lastly odd digits (Niederhoffer, 1965; Ohta, 2006) . This feature of pricing has important implications for the price discovery process of an asset, as it implies that market agents tend to trade on more salient or memorable numbers when submitting an order or quoting a price. As a consequence, prices are (at least temporarily) deviated from their true value, with implications for factors such as stock price volatility which in turn affects asset valuation and investment strategies. A related perspective takes the view that the presence of uncertainty in investor decision making reduces incentives to search for a precisely correct stock price. This leads to prices being priced at rounded numbers as a preference compared to the feasible range of other ending digits. As such the theory is a feature of current pricing; in that with reference to the feasible range of current prices, rounded numbers are chosen as a preference.
The alternative proposal, the aspiration level hypothesis, incorporates anchoring to develop a historically driven perspective on clustering. Under this theory investors set a target sell price when buying an equity or at some point in their ownership of the equity, and this tends to be a rounded price point, leading to eventual trading at these rounded price points. Analysts also set target prices in similar rounded price points which further influences the setting of rounded price aspiration targets.
The difference then between the aspiration level hypothesis and the attraction hypothesis is that for the aspiration level hypothesis the reason for clustering is historic, while for the attraction hypothesis the reason for clustering is current. While this is normally difficult to distinguish in terms of testing as we just have the actual traded prices, the crossover from national currency to the euro in a number of European countries provides an interesting natural experiment setting in which to test between the two hypotheses. Namely, if the aspiration level hypothesis holds then post the introduction of the euro clustering should remain, at least for a while, influenced by the original currency as aspiration levels will have been set in this currency. There will be a slow decay in influence of the original currency as new trades lead to price aspiration levels being increasingly priced in the new currency. If the attraction hypothesis holds then clustering should quickly switch from being determined by the old currency to being determined by the new currency.
Our paper addresses these issues of alternative interpretations through focusing on the period around the original introduction of the euro currency in 2001 in Greece, using Greek equities as a setting. On 30th December 2000 the Athens Stock Exchange closed with prices denominated in drachmae and on 2nd January 2001 the market opened with all stock prices denominated in euros. With the introduction of the euro currency, a conversion occurred in Greece of all prices at a fixed rate of 1 euro equals 340.75 drachma, implying a stock previously priced at, say, 10,000 drachmae would have opened for euro-denominated trading repriced at e29. The relevant minimum tick sizes switched from 5 drachma to e0.02 at this time 1 . In the presence of clustering we would expect that prices were not evenly spread across multiples of 5 drachma in the drachma period (for the 20 possible price endings for the last two digits of prices between 00 and 95), nor evenly spread across the 50 possible last two digits for prices during the e 0.02 tick size euro period. The open issue is the speed with which clustering switches from being drachma to euro denominated. Sonnemans (2006) previously investigated the change in price clustering around the euro introduction for the Netherlands stock market, and found that day-end price clustering changed from Dutch guilders focused to euro focused immediately upon changing the currency denomination of prices on the Amsterdam stock exchange.
We make a number of advances on this study. Sonnemans (2006) only examines the period before crossover and up to the end of the period when guilders were still in use in the domestic economy for normal transactions. We explore all of this period, but also the period when both equity prices and cash in the economy had fully switched to euro. We also use ultra high-frequency trade-by-trade data for the five most traded stocks on the Athens stock exchange over the crossover period (1998) (1999) (2000) (2001) (2002) (2003) to see if the evidence of a crossover of clustering remains at this micro level for a total of about 9 million transactions. This trade-by-trade data offers new insights into the nature of clustering, beyond just gaining greater understanding of the crossover effect, as the day-end prices frequently used in clustering studies such as Sonnemans (2006) can be anomalous compared to prices during the rest of the day (Comerton-Forde and Putnin , š, 2011). We are further able to better assess speed of adjustment due to the frequency of our data.
The main contribution of our paper, however, is that we also investigate the nature of psychological price barriers both before and after the introduction of the euro, something which has not previously been studied. This is an interesting angle as it is not clear a priori whether investors who previously, say, viewed prices crossing whole 1,000 drachma price levels as psychologically significant will automatically switch to, say, viewing e1 price levels as now significant. Such a study, therefore, informs the prior research on psychological barriers by determining how quickly investors switch their reference points of significant price levels when there is a change in pricing fundamentals. As we have ultra high frequency data for the testing we are not confined to the standard approach of testing daily closing prices, with the limitations that entails, and can instead investigate the impact on subsequent trades following a crossing of a psychologically important price barrier. Our paper is the first paper to investigate the impact of psychological price barriers at the trade-by-trade level and thus contributes to a deeper understanding of this whole area of research, primarily through assessing the trading relevance of psychological barriers and confirming that the feature is not an artifact of closing prices.
The remainder of the paper is structured as follows. The data and methodology is presented and justified in Section 2. The results and analysis are in Section 3, and Section 4 concludes.
Data and methodology

Data
Our dataset is trade-by-trade prices for the five most traded equities on the Athens 
Price clustering methodology
Price clustering is assessed in this paper primarily through barrier proximity tests. might either be anomalously high or anomalously low around barrier levels, but an expectation based on prior research is that there will be a lower frequency around significant barrier levels (Donaldson and Kim, 1993) as these act as resistance and support levels with traders more reluctant to trade close to these levels. The second strata of clustering is at the micro-level around the ending digits of prices. Clustering can be observed at this level by higher frequency around the low-level digits (e.g. ending digits of 5 or 0 in prices) due to the rounding phenomenon (Ikenberry and Weston, 2008) . This latter is a particularly interesting feature given that we have trade-by-trade data and thus can examine the impact of rounding at this level, something which the previous investigation of clustering around the euro crossover by Sonnemans (2006) was unable to test due to using daily prices. Thus, we test for both clustering features -high frequency of clustering at low-level ending digits and low clustering around significant price barriers.
For the specification of price barriers, we consider two criteria; first the price range of the stocks and second the availability of currency denominations. During the drachma era we consider the 10s, 100s and 1000s digits, while in the euro era we examine the decimals digits and the 1s digits. These tests examine two-digit pairs that are constructed from each variable. For example, and referring to the drachma era, the 10s digits examine the two-digit pair to the left of the decimal point (i.e.
the decades or --XX.-). Similarly the 100s digits examine the two-digit pair to the left of the first digit to the immediate left of the decimal point (i.e. the hundreds or -XX-.-) and the 1000s digits examine the thousands (XX-.-). Moving to the euro era, the decimal digits are defined as the two-digit pairs to the immediate right of the decimal point (i.e. the eurocents or -.XX) whereas the 1s digits are defined as the two digits that bracket the decimal point (i.e. -X.X-). For each of the previously mentioned barriers we utilize a range of barrier regions; 5, 10, and 15, besides the strict test on the exact barrier that may be denoted as 0. Hence assuming a price of 100 drachmae, the barrier regions are defined as 100 drachmae for the strict test, then a price range of 95-105 for the 5 barrier region, 90-110 for the 10 barrier region, and 85-115 for the 15 barrier region.
The barrier proximity test is carried out using two approaches; a Panel Poisson model and a Panel OLS model. In both cases we are testing variations of the equation:
where f (M ) is either the absolute or relative frequency of transactions and D is a binary variable taking the value of 1 when the price is within the examined barrier region and 0 otherwise.
The Panel Poisson allows us to explicitly take account of the fact that we are working with count data, while addressing the potential misspecification of a normal error distribution. We use absolute frequency of pricing for f (M ) and include robust errors. The secondary approach we follow is a Panel OLS with bootstrapping (1000 repetitions per dummy variable; Cameron and Trivedi (2005) ) as adopted from the prior literature (Donaldson and Kim, 1993) . In the OLS testing we examine relative frequency of the digits under investigation. In both cases, under the null hypothesis of no barriers, the estimated coefficient on the binary variable will be zero. Rejection of the null against a two-sided alternative would give prima facie evidence for the existence of clustering. Separate tests are run for the drachma and euro period in order to identify currency-specific effects, and the tests are also rerun for drachmaconverted levels in the euro period and euro-converted levels in the drachma period.
Psychological barriers methodology
The existence of rounding clustering in prices, although important for price discovery, where n denotes the number of trades or days (depending on whether we are using trade-by-trade or daily data) before or after the particular breach as a measure of responsiveness of market reaction to barrier breaches. We choose values of n = 1, 2, 3, 4, 5 trades in order to track the impact on up to the following five trades, and do the same for daily data but just report n = 1, 2, 5 days to keep the table sizes manageable 4 . For trade-by-trade data we group all transactions across the five equities together although subsequent trades following a barrier breach for a particular equity are always for the same equity. For the daily data we test the equities individually. Our testing also includes a first-order autoregressive term for potential autocorrelation in the returns. Formally the equation tested is therefore:
As we are primarily interested in the differential reaction of market players following the introduction of the euro, we estimate the above regression separately for the drachma and euro periods. For the daily data we also estimate the regression using drachma-denominated levels in the euro period and euro-denominated levels in the drachma period.
Price clustering
The core findings for clustering are contained in Tables 1 and 2 Tables 3 and 4, report the drachma and euro findings applying OLS regressions in line with the prior literature. These findings confirm that clustering is a major feature in the pricing of Greek equities over the time period studied, but particularly before the crossover to euro pricing. This can be seen graphically in Figure 1 for 100s drachma and decimal digits of euro. Panel A shows clustering in drachma during the drachma period with spikes in clustering around 00 and 50 prices, followed by individual 10s of drachma.
Clustering around drachma-equivalent euro levels is not a feature of the euro period as seen in Panel B. Clustering is also somewhat evident around decimal digits of euro during the euro area, with larger frequencies in the 0 range and 40-60 range, but the effect is not as pronounced as for drachma clustering.
Turning to the formal results, for the OLS drachma results in Table 1 traded prices clustered strictly around whole values of 10 drachma (Pseudo R-square = 0.82) and 100 drachma (Pseudo R-square = 0.70) in the 1998-2000 period despite the minimum tick size being just 5 drachma. There was also negative clustering around 1000 drachma prices, showing a lower than expected frequency of prices around these larger price levels. This finding of positive price clustering in low digits and negative price clustering in significant barrier regions such as 1000 drachma, is in line with previous findings on clustering, albeit that our study also shows this to be present using ultra high frequency data. The results for euro over the same 1998-2000 period in Table 2 confirm, as expected, essentially no euro-denominated clustering during the period when prices were in drachma. We might have seen some euro clustering during this period if traders and investors had switched over their trading systems to euro pricing before the official switch, but this was evidentially not the case 5 . The OLS findings in Tables 3 (drachma) and 4 largely echo these findings.
The findings for the period 2001-2003 after the switchover to euro pricing show a mixture of declining but continued drachma clustering, and mixed evidence of new euro clustering. In Table 1 for the Poisson tests we see some evidence that prices continue to cluster around 10s of drachmae (Pseudo R-square = 0.25). Although in general, drachma clustering is significantly decreased. This can also be seen in the OLS results in Table 3 , where there is a continued presence of drachma clustering but evident decline in importance as seen in the R-square values. Due to the nature of testing individual trades at volume, the significance levels are not a good measure of economic significance due to very low standard errors associated with a very large number of observations (n). The R-square values are a better way to assess the importance of clustering as they are not influenced by the number of observations. switchover to euro, and second that euro clustering did not immediately start being a feature of pricing. This suggests that, to some extent, prices continued to be viewed in terms of drachma even after the switchover to euros implying at least an informal dual euro/drachma pricing by traders. We thus have evidence of a sluggishness in switching over to the new euro pricing framework and support for the aspiration level hypothesis.
We now look in more detail at the evolution of clustering over time in order to understand the nature of the crossover from drachma to euro clustering. We repeat the clustering analysis using a rolling estimation. Specifically, Equation 1 is re-estimated on a daily rolling regression basis throughout the entire sample, while testing for the existence of drachma and euro price clustering. Table 6 shows the estimated coefficients and standard errors for the regression testing for conditional effects (Equation 2) using trade-by-trade data and estimated over the drachma (Panel A, 100s drachma) and euro periods (Panel B, 1s euro).
Psychological barriers
The coefficients for ADB and AUB are of primary interest as they denote the market reaction following a barrier breach. Hence, any statistical significance on these indicator variables would give prima facie evidence that following a barrier breach there is an abnormal return. First, in the drachma period for 100 drachma levels, the ADB coefficient suggests that after a downward barrier breach returns drop in the following trade, then bounce up for trades 2-5 with decreasing strength.
Conversely, the AUB coefficient suggests that after an upward barrier breach the return climbs further during the following trade, then decreases for trades 2-5 with decreasing strength. In the euro period and crossing of whole euro barrier points, the findings are similar with two key differences. First, in the magnitude of the statistical significance of the AUB and ADB variables, this is noticeably lower compared to the drachma period. For instance, the ADB coefficient for the following trade (n = 1) are equal to -0.0232 and -0.0089 in the drachma and euro periods respectively. Second, the persistence of the effect following a barrier breach appears to be shorter lived by approximately 1 trade compared to the drachma period. Thus, the ADB coefficients retain their statistical significance up to 5 trades following a breach whereas under the euro period significance is retained for 4 trades.
Panel C of Table 6 presents a series of statistical significance tests for each reaction window between the coefficients pertaining to the drachma and those of the euro periods. It can be inferred that there is indeed a differential market response due to the change in the currency and the associated relocation of the psychological barriers.
The core finding is that the drachma effects are larger than the euro effects. Of the four reactions denoted by the respective indicator variables, those following a barrier breach are those that show the most significant. These findings, combined with the findings for clustering, suggest that after a changeover to a new pricing regime it takes traders a period of time to start being influenced by new psychological barriers.
A last analysis we run is tests for the presence of daily psychological barriers, this analysis is run for each equity individually and is reported in Tables 7-11. These tests cover 100s and 1000s barrier levels of drachma and 1s and 10s of euro. Euro-converted barrier levels are also tested in the drachma period, and similarly drachma-converted barriers are tested in the euro period.
The main finding is of minor significance across all the barrier levels and all the currencies. For the few significant findings that are present the weak pattern is of significant euro barriers in the euro period. For example, in Table 8 we find that prices fall back in the subsequent week after rising through a whole e10 barrier for the National Bank of Greece stock.
As we are testing 1,000 coefficients across all five tables 6 there is a considerable probability that even the reported significance findings for the daily psychological barriers are there by chance. To account for the potential that the significant findings we have are there by chance we run a Generalised Bonferroni p-value correction as proposed by Romano et al. (2010) which adjusts the acceptable p-value level to account for the number of coefficients tested using the
where s is the total number of coefficients tested (1,000 in our case), k is the number of false discoveries we wish to control for, and α is the significance level. We follow Berk et al. (2017) and set k at 5 percent or 50 coefficients, and α at 10 percent, meaning the Bonferroni corrected p-value is 0.005.
When we re-examine Tables 7-11 with this new p-value as the null rejection level, we find that only four of the barrier variables, including the three e10 time variables for National Bank of Greece noted above, remain significant. This suggests that daily psychological barriers are not a major feature in pricing, and shows the advantage of our transaction level psychological barriers tests, which were able to capture the impact of crossing barriers on subsequent trading at the micro-level.
With our dataset of ultra high frequency trades for the five largest equities in Greece at the time of the crossover from the drachma to the euro currency we demonstrate a currency-related crossover of the presence of psychological barriers, but continued presence of clustering in the old currency.
This finding builds on the findings of Sonnemans (2006) for the Dutch market, but also takes the research a number of significant steps forward. First, we extend testing into a period when there is only euro pricing, as opposed to a period of dual euro-original currency pricing as studied by Sonnemans (2006) . Second, we use transactions data as opposed to problematic daily closing prices to provide rolling regression estimates of how clustering reacts to the changeover to the euro. We show a significant reduction in drachma clustering upon adopting the euro, but that it continued to be a presence for at least the three years after crossover to euro pricing.
Third, we are also able to use our dataset to identify that euro-focused clustering did not become a feature immediately after adoption of the euro, suggesting that clustering is a learned behaviour and it takes investors time to adopt new clustering practices. Our speed of currency crossover findings support the conclusion that clustering seems to be mainly related to anchoring to past prices supporting the aspiration level hypothesis.
The other novel set of contributions of the work is in the investigation of pricing behavior following the crossing of a psychologically important price point. Here we once again use the transaction level data and are able to show an influence on subsequent trades following a trade that crosses a barrier level. The normal behavior we observe being that the subsequent trade continues the price trend and the following trades lead to a partial reversal. That we are able to show the presence of predictable trading following breach of a barrier at the transaction level, as opposed to daily prices as applied in the prior research, is an interesting contribution in itself with wider application, but we also demonstrate a crossover of the relevant barriers upon change of currency. Our daily data psychological barrier results suggest that daily data tests miss the presence of these barriers and the impact of currency crossover, as psychological barriers are not found to be present at the daily level.
Recent research is increasingly identifying the presence and importance of clustering and psychological barriers across a whole range of financial markets outside of equities. Our research therefore informs the development of this stream, by showing that clustering retains links to past pricing and transfers to current pricing in a slow manner, and arguing that the standard practice of seeking to identify psychological barriers using daily data can miss important transaction level predictability in pricing caused by these barriers. This last aspect is particularly important as the bulk of equity speculation rapidly moves to the ultra high frequency level away from the longer trading horizons of the past.
We end the study by noting a limitation of this research. Despite our tests being at the trade-by-trade level we are still not able to distinguish which type of traders are more likely to engage in price clustering or trade in particular ways around psychologically important price points as we don't have any trader identifications attached to trades. It was noted in the data section that investment in Greek equities consists of about 30% Greek retail investors, 40% Greek institutional investors, and 30% foreign investors. It would have been informative to know if a certain group of these investors was driving our findings. This would speak to whether the patterns were caused by, for example, professional trading habits, by sizes of transactions, or by behavioral factors such as risk aversion or risk seeking relative to reference points.
We suggest this disaggregation of trades by trader type approach to future research, subject to data availability, and it is an area we intend to also explore in a future study. Results from the barrier proximity tests using drachma pricing for all Greek equities listed in Section 2 using a Results from the barrier proximity tests using euro pricing for all Greek equities listed in Section 2 using a Panel Poisson regression with robust errors for absolute frequency of pricing. Results cover period 1998-2003 and are reported in subperiods of 1998-2000 (pre-crossover) and 2001-2003 (after-crossover) . Tests are a regression of f (M ) = α + βD i + ε. n is the percentage range of the barrier region, e.g. n=10 is ±10% of the strict currency barrier level.
The barrier ranges are defined as follows: BR(0)=00; BR (5) Results from the barrier proximity tests using drachma pricing for all Greek equities listed in Section 2 using a Panel Table reports estimated coefficients and standard errors in parenthesis of the endogenous breakpoint regression for the average adjusted R 2 related to the evolution of the price clustering. The table presents the results (estimated coefficients and standard errors) of the Bai and Perron (2003) structural breakpoint test on the average R-squared of the five stocks from the barrier proximity tests (see Tables 2 and 3 ). * p < 0.10, * * p < 0.05, * * * p < 0.01. Panel A and B in the table reports estimated coefficients and standard errors of the conditional effects model of Section 2.3 using trade-by-trade data. BDB n takes the value 1 before a downward barrier breach, 0 otherwise. BU B n takes the value 1 before an upward barrier breach, 0 otherwise. ADB n takes the value 1 after a downward barrier breach, 0 otherwise. AU B n takes the value 1 after an upward barrier breach, 0 otherwise. n denotes the reaction window that allows us to assess the market reaction speed between 1-5 subsequent trades ((n=1,2,3,4 and 5) . Panel A focuses in the Drachma denominated period and the 100s digits, while Panel B repeats for the Euro denominated period and the 1s digits. Panel C presents F-statistics and p-values for the statistical significance tests for the equality of the coefficients between the two period on each occasion. * p < 0.10, * * p < 0.05, * * * p < 0.01 1998-2000 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 Table reports estimated coefficients and p-values for Equation 2 using daily closing prices. BDB n takes the value 1 before a downward barrier breach, 0 otherwise. BU B n takes the value 1 before an upward barrier breach, 0 otherwise. ADB n takes the value 1 after a downward barrier breach, 0 otherwise. AU B n takes the value 1 after an upward barrier breach, 0 otherwise. n denotes the reaction window that allows us to assess, in particular, the market reaction speed for 1, 2, and 5 days following a barrier breach. * p < 0.10, * * p < 0.05, * * * p < 0.01 1998-2000 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 Table reports estimated coefficients and p-values for Equation 2 using daily closing prices. BDB n takes the value 1 before a downward barrier breach, 0 otherwise. BU B n takes the value 1 before an upward barrier breach, 0 otherwise. ADB n takes the value 1 after a downward barrier breach, 0 otherwise. AU B n takes the value 1 after an upward barrier breach, 0 otherwise. n denotes the reaction window that allows us to assess, in particular, the market reaction speed for 1, 2, and 5 days following a barrier breach. * p < 0.10, * * p < 0.05, * * * p < 0.01 1998-2000 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 Table reports estimated coefficients and p-values for Equation 2 using daily closing prices. BDB n takes the value 1 before a downward barrier breach, 0 otherwise. BU B n takes the value 1 before an upward barrier breach, 0 otherwise. ADB n takes the value 1 after a downward barrier breach, 0 otherwise. AU B n takes the value 1 after an upward barrier breach, 0 otherwise. n denotes the reaction window that allows us to assess, in particular, the market reaction speed for 1, 2, and 5 days following a barrier breach. * p < 0.10, * * p < 0.05, * * * p < 0.01 1998-2000 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 Table reports estimated coefficients and p-values for Equation 2 using daily closing prices. BDB n takes the value 1 before a downward barrier breach, 0 otherwise. BU B n takes the value 1 before an upward barrier breach, 0 otherwise. ADB n takes the value 1 after a downward barrier breach, 0 otherwise. AU B n takes the value 1 after an upward barrier breach, 0 otherwise. n denotes the reaction window that allows us to assess, in particular, the market reaction speed for 1, 2, and 5 days following a barrier breach. * p < 0.10, * * p < 0.05, * * * p < 0.01 1998-2000 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 n = 1 n = 2 n = 5 Table reports estimated coefficients and p-values for Equation 2 using daily closing prices. BDB n takes the value 1 before a downward barrier breach, 0 otherwise. BU B n takes the value 1 before an upward barrier breach, 0 otherwise. ADB n takes the value 1 after a downward barrier breach, 0 otherwise. AU B n takes the value 1 after an upward barrier breach, 0 otherwise. n denotes the reaction window that allows us to assess, in particular, the market reaction speed for 1, 2, and 5 days following a barrier breach. Note: for Vodafone there are no relevant e10 barrier points during the euro period. * p < 0.10, * * p < 0.05, * * * p < 0.01
